Abstract-A large number of injuries or deaths may occur when an emergency happens in a crowded public place. The congestion at exits may slow down the egress rate due to the effect of "faster-is-slower". This inspires us to study how human behavior dynamically changes over time at an emergency in a complex indoor environment. In this paper, we refer the panic of evacuees to their perception of the threat and propose a panic propagation model to model how crowd panic changes during evacuation at an emergency. Combined with the existing social force model, our panic model interprets the self-driven force and interactive forces with others in human mobility. To improve evacuation efficiency, robots are introduced to guide evacuees to escape. Using dynamic environment information, we design an evacuation exit selection algorithm where the optimal exit is automatically selected by the robot with the minimum escape time. In our experiments, a real shopping mall is examined, and the dynamic behavior of panicked evacuees is simulated with the proposed panic model. The evacuation performance of using emergency evacuation robots is evaluated. The improvement of evacuation efficiency validates the effectiveness of our robot-assisted evacuation system.
Human Mobility Modeling for Robot-Assisted Evacuation in Complex Indoor Environments guidance with the updated environment information, compared to traditional guidance from stationary signs or agents.
Robot-assisted emergency evacuation offers many advantages to evacuate people promptly: First, when an emergency happens, the robots can approach the evacuees quickly and guide them to the exits sooner than the traditional agents, such as firemen and emergency personnel, because the robots can be already deployed in the building. Second, the robots can search the shortest routes to all exits efficiently, as the map of the building is already preloaded into the robots. Third, the robots are able to access the dynamic environment information in real time, such as the crowded density and the egress flow speed at a particular exit, from the distributed sensors of the environment, offering the best dynamic decision for evacuation guidance. Thus, it is important to have an optimal robot-assisted emergency evacuation algorithm whereby the robot can automatically select an escape route to the exit with the minimum escape time for the evacuees guided by the robot. Such robot-assisted evacuation system can further balance the crowded evacuees over all exits and avoid a heavy congestion at a particular exit, thereby improving evacuation efficiently.
To design an efficient robot-assisted evacuation system, we have to understand the crowd dynamics at an emergency. The crowd dynamics simulation has been of great interest to engineers and scientists in a wide range of fields [3] [4] [5] [6] , such as escape planning, crowd control, architecture and transportation design, mobile crowdsensing, and crowdsourcing. A typical work on crowd dynamics in a panic situation includes the social force model [7] , [8] , group affinity [9] , evacuation rule priority [10] , and cognitive heuristics [11] . Unlike these existing works, we consider the panic of evacuees as the underlying factor determining the crowd behavior in an emergency, and integrate the panic degree into the model of evacuees' behaviors. When an emergency event takes place, evacuees try to escape from the dangerous building soon. In those life-threatening situations, a low degree of panic could drive people walk faster than they walk in normal situations and somehow speed up the evacuation. However, an extremely high degree of panic could cause crowd disorganization, specifically at exits, and greatly slow down the egress flow speed. Hence, the panic of evacuees reflects their self-motivation for escape, which will also affect their interactions with the neighbors due to the environment constraints. We refer the definition of the "panic" to the perception of the threat to the danger from the viewpoints of psychology and sociology [12] , [13] . In this paper, we quantify panic corresponding to the magnitude of this perception, and propose a panic propagation model to model the spread of panic among evacuees during evacuation.
In this paper, we propose a human mobility model for emergency evacuation by integrating the panic model with the social force model [8] . Two levels of behaviors are considered: the individual level and the individual-interaction level. In the individual level, the individual's self-motivation to escape is modeled by his or her panic. In the individual-interaction level, the interaction forces between an evacuee and nearby evacuees are modeled in both psychological and physical perspectives. From the psychological viewpoint, a panic propagation model is introduced to describe how the panic is propagated among evacuees. In other words, one's panic can be influenced by his or her nearby neighbors. From the physical viewpoint, external physical forces, such as the repulsive and pushing forces, are exerted when there are physical contacts. Based on the proposed human mobility model and the updated environment information, we then introduce robots for emergency evacuation and propose an algorithm to select the exit with the minimum escape time to speed up the evacuation. To evaluate the evacuation during emergency, we build a crowd dynamics simulation benchmark in which evacuees' walking behaviors are simulated during the emergency evacuation, together with the robot's guidance decision in the robot-assisted evacuation system.
The contributions of this paper are threefold. First, a panic propagation model is proposed to complement the social force model under emergency conditions. It models the perception of the threat, and embeds it into the social force model as the source of self-motivation force. Second, a human mobility model with the panic propagation model is proposed, which complements existing literature on human mobility modeling without an emergency. Third, we make use of the proposed human mobility model for selecting the optimal exit in a robot-assisted evacuation system. An exit selection algorithm is developed to select an exit with the minimum escape time.
The rest of the paper is organized as follows. In Section II, we review related works in panic modeling and robot-assisted evacuation. In Section III, we introduce our human mobility model during emergency in a complex indoor environment. During emergency evacuation, the panic of each evacuee is quantified and updated according to the proposed panic propagation model, and the crowd dynamics behavior is modeled by the social force model. In Section IV, we introduce robots for evacuation guidance with an evacuation guidance algorithm to find the exit that has the minimum escape time. In Section V, extensive simulations are performed to show the effectiveness of our proposed human mobility models and evacuation guidance algorithms of robots. Finally, conclusions are given in Section VI.
II. RELATED WORK

A. Panic Models
Many investigations have been performed for crowd disasters with a large number of injuries and fatalities. Policy makers and emergency management personnel usually take the crowd panic into consideration as a serious factor to affect crowded dynamics, which eventually determines the escape rate in emergencies. However, the most challenging problem is to understand how panic affects human behavior. For the understanding of panic, researchers have taken experiments on animals, such as mice [14] and ants [15] . To study the panic of human crowds, several empirical or experimental studies have been performed using the observations of evacuee density and flow. In [16] , crowd panic was analyzed by means of high-performance video analysis in Mina/Makkah during the Hajj disaster in 2006. Helbing et al. evaluated the video recordings in front of the entrance of bridge, and extracted the position and speed of each individual evacuee over the escape time. The transition from laminar to stop-and-go and turbulent flows were observed. After the Station Nightclub Fire of Rhode Island in February 2003, several organizations and research works have put their efforts on studying the model of fire propagation and evacuation. The National Institute of Standards and Technology simulated the fire propagation and suggested that the trained nightclub employees for emergency evacuation could improve the evacuation efficiency and lead to a better survival rate. The simulation of this fire was further validated in [1] . In [17] , the researchers proposed and implemented an information propagation model among evacuees for this fire disaster. Although panic is recently considered in simulations of human motion behavior during an emergency [8] , [16] , [10] , it is still unknown how panic is propagated among evacuees, which will be addressed using a modeling framework in this paper.
B. Robot-Assisted Evacuation
Previous studies have shown that nonoptimal escape route selection and heavy congestion at exits are two major reasons for slowed evacuations [18] . To improve evacuation efficiency, researchers have designed robot-assisted emergency evacuation systems to help people evacuation.
Shell and Mataric [19] first explored the roles of autonomous robots in evacuation assistance tasks. In their work, a team of mobile robots was used to dynamically deploy a number of directional audio beacons in an office building from which evacuees have to escape when an emergency takes place. The optimal deployment of directional audio beacons was found for the best evacuees guidance.
Ferranti and Trigoni [20] discussed the problem of evacuation route discovery from the robot area exploration perspective. Although the robots explore the area where emergency occurs, a network of sensor nodes is deployed to label the environment. They build evacuation routes in parallel with the exploration process. Once the victims are found by robots, the shortest evacuation route connecting the location of victims to exits is available at an early stage. Two distributed algorithms that make use of communication between the robot and the sensor nodes and communication among the sensor nodes were developed to dynamically build evacuation paths. The exploration and route discovery could be performed simultaneously. Although the shortest evacuation route to the exit is found, they do not consider the congestion at exits which is most likely to occur at an emergency.
Boukas et al. [21] proposed a robot-guided evacuation in which the robots are able to redirect a group of evacuees from a congestive location to a less crowded one to speed up the evacuation process. They modeled the environment of interest by a floor-field-based cellular automata workspace. Both exits and robots are considered as sources of floor field that are most attractive to evacuees. As the robots move through the environment, the floor field is dynamically updated. This study presents a completely autonomous robot-guided evacuation framework, which was implemented in real-world scenario; however, the model they adopted does not consider the interaction between evacuees and robots.
Researchers have also found that the autonomous robots incorporated with human behavior modeling can provide predictive information of crowd movement in their motion planning and, hence, improve the evacuation efficiency. In [10] , the robot design was integrated with human panic behaviors to understand how people react in panic situations. In [17] , Robinette et al. investigated information propagation among evacuees and robots. The propagation of knowledge of exit locations among evacuees was modeled by introducing a confidence factor that affects the choice of exit for each individual evacuee. In their experiments, they analyzed the evacuation efficiency with different percentages of evacuees: true believers who only follow their own choice but not accept instruction from others, and robot believers who follow the information propagated from the robots. In our experiments, we follow such performance evaluation scheme, as it is more close to the reality.
The robot-assisted evacuation problem has also been studied from the perspective of group control [22] [23] [24] [25] [26] , in which multiple robots work collaboratively to escort a group of people in emergency areas, or from the perspective of pedestrian flow control [27] [28] [29] [30] [31] [32] , in which desired pedestrian flow dynamics are achieved by introducing interacting mobile robots that move among pedestrian flow. The motion behavior of the robot during the process of guidance is elaborately designed.
Overall, the aforementioned existing work has explored various aspects in which mobile robot can be introduced to assist human crowd evacuation. However, autonomous optimal evacuation planning and the motion behavior design of guidance robot have not been extensively investigated. In this paper, we develop an evacuation planning algorithm incorporating the proposed human mobility model in panic scenarios, and the introduced assistant robot can autonomously select optimal exits for evacuees in an indoor environment. Different from the algorithm presented in the study [21] , where the robot selects exit based on offline simulation results, our proposed evacuation planning algorithm allows the robot to make evacuation planning decision online. Furthermore, the proposed algorithm selects the optimal exit for the evacuees, which eventually improve the evacuation efficiency of the entire system in the environment.
III. HUMAN MOBILITY MODEL DURING EMERGENCY
When an emergency alarm is active in a complex indoor environment, evacuees may ask themselves the following questions: 1) Which direction can I find the "closest" exit for escape? and 2) Should I walk faster to avoid any possible physical injuries? The understanding of these two questions is important to model crowd dynamic behavior during the emergency evacuation. Whereas the answer to the first question relates to the escape route selection, the second one reflects the selfmotivation for evacuees to escape. Both of these decisions are made under a specific time pressure originated from the perception of the threat to the danger. Time pressure usually plays an important role in quick decision making at an emergency. We use the term of panic to represent the perception of the threat to the danger and model its dynamic changes with the development of emergency and group panic. More specifically, in this section, we answer the first question by modeling escape route selection of evacuees according to their panic level (i.e., the desired walking direction), and we answer the second question by modeling the panic of evacuees and their self-motivation to escape (i.e., the desired walking speed). Thus, the answers of these two questions provide the desired velocity (i.e., a physical quantity vector specified by the direction and the speed) of each evacuee during evacuation. Notice that one evacuee's behavior does not only depend on the adaption of his or her actual velocity to desired velocity specified by the self-motivation force, but also on the interactions with other evacuees, the environmental boundaries, and other agents such as robots. We describe such crowd behavior at an emergency by extending the social force model [8] using attractive, self-driven, and repulsive forces.
A. Panic and Panic Propagation
We use the term "panic" to refer to the perception of threat to model the self-motivation for emergency escape, motivated by considerable evidence suggesting that emotion (e.g., threat perception) affects behavior [33] , [34] , [35] , [36] . Usually, the evacuees with higher escape panic, such as in the cases of visible fires and smokes, will run faster than their usual behaviors in normal situations. Thus, the panic of evacuees affects their motion behavior for escape during emergency. The panic is propagated among evacuees during the development of emergency, leading to different self-motivation stages during the escape. For example, the evacuees who are far away from the fire/disaster sites may move slower than the ones who are close, due to a higher perception to the threat [37] . In the next, we model the propagation of panic among evacuees during emergency.
We consider an emergency situation in an indoor environment that has one or more emergent events, such as fires or explosions, and the alarm in the environment is active when the emergency occurs. People start to walk out when they hear the fire alarm, but they may perform differently as they may have different perception of the threat and have different knowledge about escape routes. We assign an initial panic value to all the people in the building when the alarm is active. As evacuees move toward the exits for escape, the individual panic level can be further determined by two factors: the perception of the threat and the panic of the neighbors in the group, based on the fact that people would be more motivated to escape when they perceive a higher threat to the danger, and the fact that panicked people may be less panicked when their neighbors are less panicked due to the known group effect in crowd psychology [37] , [38] . At time t, we model the ith evacuee's perception of the threat as S i (t) which is determined by both the total severity of emergency events and the distance to the center of emergency events. Suppose that there are n f emergency events, such as fires, and the kth fire happens at time t k , we use the following exponential function [39] , [40] , [41] to model the severity of emergency
where the severity of emergency events M k (t) may increase or decrease over time with a severity growing rate β k . Then, the perception of the threat S i (t) can be modeled as
where α is the decay rate with respect to the distance to each emergency event. This is based on the fact that people who are closer to the locations of emergency events would have a greater perception magnitude of the threat and lead to a higher magnitude of panic, and vice versa. Thus, let the average panic level of neighbors in a group be q(t), the panic level p i (t) is updated as follows:
where
denotes the change of perception magnitude to the threat. It can be shown that (3) describes the panic propagation, as the panic level of an evacuee would decrease if the neighbors have a lower average panic level than him/her, and would increase if the neighbors have a higher average panic level. The parameter η is the influence rate from their neighbors. We limit the maximum of panic level to be one, i.e.,
B. Escape Route Selection
We model the escape route selection to answer the first question of evacuees: Which direction can I find the "closest" exit for escape? When people start to escape from the dangerous place, they usually have different route selection decisions based on their knowledge of the environment and the emergency plan. We consider two categories of evacuees: evacuees who are familiar with the environment and evacuees who are not. For the people who are familiar with the environment, they may select a route to the closest or the main exit. For the other evacuees who are not familiar with the environment, they may either select route by themselves or by following their neighbors in a certain radius when they come to the stage with multiple route choices. More specifically, at the stage where there are N s = |B| possible directions that the evacuee is able to go, assume that M j out of M s neighbors walking toward to the jth direction s j . Given the panic value p of the evacuee, we determine the probability of selecting the jth direction for the ith evacuee as follows:
where we have
The first term in (5) represents the probability of following their neighbors, and the second term represents the probability of following their own choices. If evacuees have a low panic level, they may have less time pressure to make route selection decision and, thus, have individual behavior pattern. In such case, the escape direction is uniformly selected among N s choices, that is, with a probability of 1/N s . If the evacuees have a high panic level, they may not have enough time to make decision and have a group behavior pattern. This procedure repeats until the evacuees see an exit. If firemen and robots were introduced for evacuation guidance at an emergency, they would provide nearby evacuees an evacuation direction, e.g., to theĵ direction sĵ . While some evacuees follow such guidance, the others do not. If the evacuee follows external guidance, we have Prob i (s = sĵ ) = 1. Otherwise, evacuees make route selection decisions with the probabilities in (5). Robot-assisted evacuation will be discussed in the next section.
C. Desired Walking Speed for Escape
We model the desired walking speed to answer the second question of evacuees: Should I walk faster to avoid any possible physical injuries? The desired walking speed of evacuees reflects the self-motivation for escape, which is further determined by their panic values and group behaviors. Specifically, for the ith evacuee, the desired walking speed v d i (t + 1) (i.e., the magnitude of desired velocity) at time t + 1 is updated in terms of his or her own panic level p i (t) and the average panic levelp(t) of the group. We have, ifp(t) = 0,
otherwise,
In (7), v max is the maximum walking speed that one can achieve, andv(t) andp(t) are the average walking speed and panic level of his or her neighbors, respectively. The updating equation of the desired walking speed illustrates that if the evacuee has less panic level than the neighbors, he/she would at least follow the group, otherwise, he/she tends to walk faster than the others and can reach up to the maximum walking speed v max when he/she has the maximum panic level, i.e., p(t) = 1.
D. Human-Robot Interaction Modeling
While the above escape route selection (i.e., desired walking direction modeling) and desired walking speed modeling describe an evacuee's behavior at the individual level, we apply the existing social force model [8] for modeling the crowd escape flow at the individual-individual level, because people could not always walk at their desired velocity in a crowd. The social force model uses virtual forces to model the interaction among evacuees through social rules for panic situation. In the social force model, three types of forces are considered for each evacuee, including self-driven force, person-to-person and person-to-wall interaction forces. As robots will be introduced for emergency evacuation, a force describing person-to-robot interaction acts on evacuees [28] [29] . For a crowd consisting of N individuals and M robots, the total force f i acting on the ith individual of mass m i is given by [8] 
where f S i is the self-driven force for the ith evacuee, f 
where the magnitude of the desired velocity v d i is determined by the individual panic level in (7) and (8) and its direction is determined by the escape route selection [i.e., from current position to the next section that is determined by (5)].
The repulsive interaction force f I ij between the ith and jth evacuees is composed by the force of psychological tendency to avoid any physical contact to the other and the physical forces when the body contact occurs (e.g., the distance d ij between the two evacuees is less than r ij = (r i + r j ) where r i and r j are the shoulder width or the radius of the ith and jth evacuees, respectively). The repulsive force is modeled as [8] 
where the first term denotes the force of psychological tendency of keeping personal space, and the latter two terms are the physical counteraction force and the sliding friction force as body compression, respectively. 
The total force f i , hence, is the sum of the self-driven force, the interaction force with other evacuees and wall, acting on the ith evacuee with the acceleration α α α i = f i /m i .
Algorithm 1: Human Mobility Model in Emergency
Situation. Input:
: N individuals distributed in the indoor environment; 2) G: a network graph of the indoor environment, consisting of multiple sections; 1. X ← Uniformly randomize the updating order for N evacuees; for x i ∈ X do 2. x.p ← Update panic value using (3); 3. Calculate self-driven force f 6. x i .vel ← Update the velocity vel:
7. x i .pos ← Update the position pos:
end When M robots are introduced for emergency evacuation, additional repulsive forces of the robots to the evacuee are added, which is given by
where f R im denotes the repulsive force of the mth robot to the ith evacuee,
In (14), d im is the distance between the ith evacuee and the mth robot, r im = r i + r m where r m is the width of robot, and r , and κ r for person-to-robot interaction might be different from ones for person-to-person interaction. Several experimental studies have been taken to estimate these parameters [29] , [42] [43] [44] . The parameter settings we used in our experiments are given in Table I .
E. Human Mobility Model
The human behavior under emergency condition in a complex indoor environment is changing over time with different escape route selection, panic development, and physical interaction with neighbors, walls and robots. In our crowd dynamics behavior simulation during emergency discussed in Section V, a network graph is constructed to simplify the complex indoor environment, and these evacuees who are familiar with the environment select a high-level escape route for escape. The social force model is integrated with a panic propagation model to describe self-motivated individual behavior and interactive group behavior. The updating of human mobility status at each simulation time is given in Algorithm 1. Instead of updating evacuees' mobility status successively, we first randomize the updating order with a uniform distribution at the beginning of each simulation time, which is more applicable for real cases. For each evacuee, x i ∈ X , i = 1, 2, . . . , N, the panic value is updated using (3), which determines the desired speed v d i and the self-driven force f S i for escape. The interaction forces from neighbors, robots, and environmental boundaries are calculated, and the total force for moving forward f i is the sum of these four forces from (13) . Within Newton's second law of motion, we can update the velocity vel and the position pos using (16) and (17) , respectively, with the acceleration α in (15) over time.
IV. ROBOT-ASSISTED EMERGENCY EVACUATION
At an emergency, evacuees may not have knowledge about the global environment information; hence, some exits may have heavy congestion resulting in slower egress rates than the others due to the effect of "faster-is-slower" [8] . With the updated information about the indoor environment, emergency evacuation robots can offer evacuees much better guidance to balance the congestion over all exits and guide evacuees to escape as soon as possible. We first model the complex indoor environment using a network graph, and propose an evacuation exit selection (eSelect) algorithm for robots' guidance.
A. Indoor Environment Modeling
Given a complex indoor environment, we first simplify the environment by dividing it into multiple adjacent sections. An example of such model is shown Fig. 1 , where a real shopping mall environment is modeled using a network graph G = (V, E) to present the indoor environment, where V is the set of vertices denoted by the centroids of sections and E is the set of edges or links connecting adjacent sections.
Using such simplified network graph G offers several advantages: first, it is easy to calculate all possible routes between two positions in a section-level map when using network graph G, which may be impossible in original layout because of heavy computational cost; second, it can help the robots for guidance decision making, as we will show it later. Given the observations of evacuee crowd, robots can estimate which exit the evacuee may choose to escape by exploring all possible escape routes using network graph G.
B. Evacuation Exit Selection
The key role of the robots is to guide the evacuees to the exit so that minimum time is spent to escape out of the indoor environment. The total escape time T i from the ith exit is composed of two parts: the time walking to the ith exit T i,1 and the time through the ith exit T i,2 . Usually, we would like to choose the shortest route to the nearest exit as soon as possible. However, if there is a heavy congestion at the nearest exit, the total escape time would be dominated by the time waiting at the exit. The optimal exit should consider the one both the distance and the degree of congestion.
To begin with, the following assumptions are made for the indoor environment and the guiding robots.
The Environment 1) The crowd congestion only occurs at the exits. 2) Surveillance cameras are installed in the indoor environment, which are used to track evacuees at each preassigned section and the exits. The Guiding Robot 3) Each robot is able to access the evacuee crowd information obtained from the surveillance cameras preinstalled. Using such information, the robot can estimate the outflow rate and the number of evacuees arriving at each exit over a given period of time. 4) Each robot is able to localize itself in the known environment with a preobtained map. 5) Given a destination, each robot is capable of navigating in the environment to reach to its destination. 6) Each robot can broadcast the information of its selected evacuation exit to the vicinal evacuees. Note that Assumption 1 is made to simplify the evacuation problem, where the bottleneck effect of evacuee flow is only considered at exits in the environment. Assumptions 2 and 3 are made for optimal eSelect. For Assumption 2, existing advanced cameras such as Vicon motion tracking camera systems [45] provide multiple human subject tracking in real time. By accessing to the camera monitoring of evacuees at each exit and its adjacent sections, the robot can estimate the walking speeds of evacuees, outflow rates, and number of evacuees waiting and arriving at each exit. Those estimates, along with the estimate of number of evacuees following robot's guidance, are used by the robot to select an optimal exit. Assumptions 4 and 5 are common on existing mobile robot platforms, such as Pioneer robots [46] and TurtleBots [47] . Assumption 6 can be implemented by either audio or visual communication using onboard speakers or LCD display.
The time walking to the ith exit T i,1 can be estimated as follows:
where d i is the distance to the ith exit with the route R i obtained by the Astar search algorithm [48] , and v r is the average speed of evacuees who are around the robots that can be obtained by the surveillance cameras installed in the environment (see Assumption 2). The time through the ith exit T i,2 = f (n i , v i ) is the function of the egress flow speed v i and the number of evacuees congested at this exit n i when the guided evacuees arrive at that exit. Hence, given the current position of robot r at time t 0 , the best exitî for escape with the minimum escape time can be given bŷ
Using our constructed network graph, the distance d i to the ith exit can be calculated efficiently by searching the shortest route R i . For the second term T i,2 , we have
Note here that we use continuous time models [e.g., the integral in (20) ] for the derivation of the optimal route selection, and use their discrete forms in our simulations, that is, the integral is replaced by the summation. The number of evacuees waiting at exit E i at time t 0 + T i,1 can be estimated as follows: (18) where n i0 is the number of evacuees at the ith exit at time t 0 , Adj(E i ) is the set of sections that are adjacent to the exit section E i , and v ki is the flow rate from section S k to E i . The second term in the right hand of above equation denotes the number of evacuees get into the exit section. Because both n i (t 0 ) and v ki could be observed using sensors, the second term can be estimated as Δn i , which is related to the time T i,1 . The third term in the right hand of above equation denotes the number of evacuees who escape from the ith exit from time t 0 to t 0 + T i, 1 .
Combining (20) and (21), we have
Notice that the egress flow speed v i (t) changes during emergency according to the crowd panic of evacuees (the selfmotivation to escape) at each exit. For example, the egress flow speed decreases if there is a congestion and the evacuees want to walk faster due to the effect of "faster-is-slower," and increases up to the free flow speed if there is no congestion. To simplify the above problem, we assume that the egress flow speed v i (t) is constant over time and is only related to the crowd panicp that is defined by the average panic level over those evacuees around the exit at a specific radius and, therefore, the egress flow speed is a function ofp, denoted by v i (p),p ∈ [0, 1]. Given the crowd panicp t estimated at time t, we definev i as the average of the egress flow speed v i (p) overp ∈ [p t , 1], and further simplify (22) as follows:
Given the layout of the ith exit, the function of the egress flow speed v i (p) with the crowd panicp can be estimated via computational simulations. Given these simulation data, the crowd panicp t at time t can be estimated by observing the egress flow speeds at all M exits v i , i = 1, 2, . . . , M, using the following maximum a posteriori rule [49] , [50] :
where Prob i (v i |p) denotes the distribution of the egress flow speed conditioned on the crowd panicp, and Prob(p) is the prior distribution of the crowd panic. Notice that whereas Prob i (v i |p) varies according to the exits, Prob(p) would depend on the severeness of an emergency event and the indoor environment. We use (23) as a simplification of (22) to find a solution for robot decision making. Such approximation is acceptable due to the randomness of crowd dynamic behavior in practice. Hence, the total escape time through the ith exit is given by
Therefore, the optimal exit with the minimum escape time can be determined byî
Note that the number of evacuees Δn i who arrive at the ith exit from time t 0 to time t 0 + T i,1 can be estimated given the camera observations of evacuee flow density and direction at each preassigned section and the inflow rate at each exit from adjacent sections. Usually, multiple robots are uniformly distributed in the indoor environment for evacuation, and when an emergency happens, the robot evacuation behavior will be invoked to select the optimal exit determined by the eSelect Algorithm, as shown in Algorithm 2. In Algorithm 2, the escape time of evacuees guided by robots to each exit is examined, and the best one with the minimum escape time is selected. Given the current position of the robot and the network graph of environment G, the algorithm first searches for the shortest route R i to the ith exit (i = 1, 2, . . . , M) using the classic Astar search algorithm [48] , and estimates the traveling time T i,1 to the ith exit. Then, it estimates Δn i , the number of evacuees who will arrive at the ith exit during the next T i,1 . Thus, the total amount of time T i for escape through the ith exit can be calculated, according to (25) and (26) . It can be seen that the algorithm selects the exit with the minimum escape time. With the updated information of the crowds and the environment, this procedure is re-examined regularly for each robot during emergency evacuation to ensure that the exit with the minimum escape time can always be selected.
V. EXPERIMENTS AND ANALYSIS
A. Experimental Setup 1) Environment Setting:
In our simulations, we use a real shopping mall, Jersey Gardens Mall located in Elizabeth, NJ, USA, as an indoor environment. The complexity of indoor environment is simplified by modeling it as a network graph G which is composed of m = 9 sections, as shown in Fig. 1 . We generate 300 evacuees in this shopping mall when an emergency happens. For each evacuee, we specify the parameters as follows: The mass and diameter (shoulder width) of evacuees are uniformly distributed in the interval [40, 140 kg] [8] . Two evacuation guidance robots are initially distributed at the positions of (290, 220) and (160, 200).
2) Parameters in Social Force Models: For the parameter setting in our social force models, we follow existing experimental studies in the literature. In [8] , the parameter settings (A ) for person-to-robot interaction without physical counteraction are learned from experimental data. Notice that the physical counteraction parameters k p , κ p , k r , and κ r are not considered in these experimental studies due to its complexity. As suggested in [8] , the parameter settings could be the same for physical person-to-person and person-to-wall counteraction. Hence, we consider that the physical person-to-robot counteraction is also the same, i.e., k p = k r and k p = k r in our simulation. 3) Simulation Setting: At the beginning of our simulations, we simulate that an emergency event happens at the shop marked by the red solid circle in Fig. 2 . Meanwhile, the alarm is active and the panic level of evacuees is uniformly assigned between 0.2 and 0.5. The simulation time interval is 0.05 s, i.e., we have 20 simulated frames in 1 s. We summarize the simulation parameters in Table I .
B. Simulation of Human Motion Behavior During Emergency
We first simulate the crowd dynamic behavior during emergency when a fire is exploded at one shop. At the beginning of our emergency evacuation simulations, we randomly distribute the customers over shopping corridors under the assumption that all customers are out of shops immediately when they hear the fire alarm. One example is shown in Fig. 2 where the blue circle denotes the evacuee and the red solid square denotes the shop in which the emergency event occurs.
We examine how crowd panic changes over time with different fire growth rates. We use the average of panic levels of all evacuees who are in the mall to measure the crowd panic during emergency. Fig. 3 shows the changes of this measurement over time when fire growth rates β are 0, 0.05, 0.08, and 0.10.
The case of β = 0 could be considered as the situation of fire false alarm, since evacuees perceive no threat to the fire during their evacuation. In such case, it shows that the crowd panic level decreases to a constant value which is around the mean of uniform prior panic distribution, because no additional threat is exerted to the crowd. When there is a true fire explosion with low a growth rate (e.g., β = 0.05), we observe that the crowd panic level decreases first since there is less evacuees who perceive the threat of fire. These evacuees, however, move faster to keep away from the fire explosion site, which leads to an increase of the crowd panic level as more evacuees "virtually" perceive the threat from their neighbors. When there is a high fire growth rate (e.g., β = 0.08 and β = 0.10), the crowd panic level keeps increasing over time. In such case, all evacuees attempt to escape as soon as possible, i.e., with the maximum desired walking speed. At a high crowd panic and a high crowd density, the physical interactions among evacuees play a critical role in crowd movement. Actually, the movement of individual evacuee is mainly determined by the others, saying unintentional movement. At highly congested exits, both stop-and-go waves and backward-moving waves are observed in our simulations. Notice that an extreme high physical body compression force would injure evacuees and make them as obstacles for others [8] .
To simplify the simulations, we assume that the body contact among evacuees can cause friction force and slow down the walking speed, but no injury happens in our simulations.
The simulation results using the social force model in the literature have shown that the exit layout determines the evacuation efficiency [8] , [29] . Given a specific exit layout, we evaluate its outflow speed through simulations under different crowd panic levels to obtain the egress flow speed function v i (p), i = 1, 2, . . . , M, which will be used in (23) for robot-assisted system. For the indoor environment shown in Fig. 1 , we simulate the outflow speeds at three exits with different panic levels. The layouts of these three exits and their corresponding average outflow speeds with respect to different panic levels are shown in Fig. 4 . The average outflow speed at each exit is defined as the ratio of the total number of people divided by the total escape time. Although there is a low crowd panic level, people are more likely to keep personal space to avoid possible body contact, which may lead to a maximum egress speed at exits. In contrast, although there is a high crowd panic level and all of those evacuees want to leave as soon as possible, the additional friction forces would slow down the egress speed, producing heavy congestion at exits. The highest egress flow speed can be usually observed when the crowd panic level is approximately 0.3 at which evacuees are able to achieve their high desired walking speed but are not congested. Through these simulations at each exit, we can obtain a function of the egress flow speed v i (p) in terms of the crowd panic levelp, and use the average egress flow speedv i in (23) for robot-assisted emergency evacuation described next.
C. Robot-Assisted Emergency Evacuation
We further conduct simulations to evaluate evacuation performance under the guidance of robots. In our simulations, we assume that, although a specific percentage of evacuees know their own exits, the remaining evacuees either follow the guidance of agents or the directions using (5) . Noticing there are three exits in this mall, we consider that those evacuees who know their own exits have 0.5 probability to choose Exit A, 0.2 probability to choose Exit B, and 0.3 probability to choose Exit C, which leads to the highest congestion at Exit A among all three exits.
Although well-trained employees know where the nearest exit is, they may be fallen into a heavy congestion at that exit. The introduced intelligent robots can provide better guidance direction for which the escape time could be minimized. The snapshots of robot-assisted evacuation are shown in Fig. 5 at different times when we assume all evacuees around the robot at the radius of 10 m would follow the robots. Initially when the emergency breaks out, two mobile robots, denoted as solid Fig. 5(a) , we can see that the evacuee crowd density gets higher in the region close to Exit A since most evacuees choose Exit A without robot guidance at early stage. Then, each robot, instead of choosing the closest Exit A, selects an optimal exit according to (26) where we assume that Prob i (v i |p) follows a Gaussian distribution whose mean and variance are estimated from the simulation data as shown in Fig. (4) and that Prob(p) follows a uniform distribution for simplicity. In this case, the robot 1 chooses Exit B, and the robot 2 chooses Exit C. As shown in Fig. 5 , the robots and guided evacuees move toward their selected optimal exits, in which we use the red dots to denote the evacuees who are guided by robots. The traces of robots are shown in Fig. 5(d) .
Following the work in [17] , humans have different belief levels to follow the direction of robots, and those evacuees who trust the guidance of robots are called robot believers. We also simulate different percentages of robot believers varying from 0% to 100% at 10% increments. Fig. 6 shows the total escape time for the first 200 people at the fire growth rate of β = 0.05. The box-plot results in Fig. 6 are based on 10 runs at each percentage of robot believers, indicating that more robot believers would improve the evacuation rate and save more lives during emergency. When there are 40% robot believers, the total leaving time for the first 200 evacuees is greatly reduced.
Our proposed exit selection algorithm for the robot guidance evacuation considers both the distance to each exit and the congestion at each exit. It chooses the exit with the minimum total evacuation time. To demonstrate the effectiveness of our proposed exit selection algorithm, we evaluate its evacuation performance through computational simulations and compare it with the approach without the robot guidance, the approach in which robots guide evacuees to the nearest exit determined by the Astar search algorithm [48] , and the robot-guidance approach with a switchable source of potential field which en- ables the robots guide the evacuees to the less crowded exits [21] . Fig. 7 shows the comparison of evacuation performance of these four methods. It shows that the evacuation process using the proposed exit selection method is more efficient than the other three approaches, when the total number of escaping evacuees for a given time is used to measure the evacuation performance. Also, it can be seen that the proposed method takes less time to evacuate the same number of evacuees. Comparing to the other two robot-guidance methods, the proposed optimal exit selection algorithm helps to expedite the evacuation process from an entire system point of view. Although the robot only offers the evacuation information to a small portion of evacuees during emergency, the evacuation efficiency of the entire system can still be improved. Under our current simulation settings, Fig. 7 also shows that the method without robot guidance even performs slightly better than the method guiding evacuees to the nearest exit, which illustrates a critical issue of emergency evacuation that an inappropriate guidance may lead to a poor performance. In Fig. 8 , we further present the number of evacuees who are waiting or are congested at each exit over the evacuation time. It illustrates how our proposed approach outperforms the other two methods. In our approach, because Exit B has the maximum egress flow speed as shown in Fig. 4 and Exit A would be heavily congested, more evacuees are guided toward Exits B and C. However, the robot guiding the evacuees to the nearest exit will increase the congestion at Exit A. In Fig. 9 , we show the egress flow speed of three exits over the evacuation time. The egress flow speed is defined as the number of evacuees escaped through the exit per second. It can be seen that the utilization of Exits B and C is improved in our method. Fig. 10 shows the average egress flow speed over three exits, which illustrates that the proposed robot-guidance method can improve the overall utilization of all exits for emergency evacuation, particularly from 30 to 50s after the emergency happens. 
VI. CONCLUSION AND FUTURE WORK
In this paper, we studied human mobility modeling for evacuation during emergency. Our proposed human mobility model considers both evacuees' self-motivation and interactions in a group. From the recent development of psychology under emergency conditions, we modeled the self-motivation of evacuees with their panic level and the perception of the threat to the danger and proposed a panic propagation model to model how crowd panic changes during emergency evacuation. The panic propagation model complements the social force model with a solution to model the self-motivation force. To avoid the "fasteris-slower" effect, we introduced robots for evacuation guidance and proposed a robot-assisted evacuation guidance algorithm to select the exit with minimum escape time. The simulation results demonstrate the effectiveness of our proposed models and show the improvement of evacuation due to the robot-assisted guidance.
In our future work, we plan to study human-robot interaction using machine learning methods within the social force model. Particularly, we will learn and estimate the parameters of the human-robot repulsive force in (14) from real-life experimental data. Moreover, noticing that we only consider the case that the evacuees would be congested at the exit in this study, we will study the robot guidance for evacuation in other scenarios in our future work, such as congestions happening in the hallway and unavailable routes to a specific exit. Moreover, we will consider human dynamic distribution at normal situations [51] to enable that the robots can always appear at optimal positions when an emergency happens. Furthermore, we plan to implement the proposed eSelect algorithm on real robot platforms and collect real-world data under emergency conditions using pilot tests for the purpose of evaluating the proposed model.
